Abstract-It is well recognized that walking while using mobile phones will make people more susceptible at various risks. Existing works to improve smartphone users' safety are mainly limited to detecting incoming vehicles. They are not able to address some more common and equally dangerous accidents such as trips, falling from stairs, platforms, or falling into an open manhole. These hazards are generally caused by a sudden change of ground. In this paper, we propose InfraSee, a system that is able to detect sudden change of ground for pedestrian mobile phone users. InfraSee augments smartphones with a small infrared sensor which measures the distance of the ground surface from the sensor. The temporal variation of distance can provide information about the change of ground surface ahead. InfraSee also leverages the information of smartphone sensors to improve detection accuracy, to reduce energy consumption, and to avoid unnecessary alarms. We have carried out extensive experiments in different scenarios and by different users. The results show that InfraSee is able to reliably detect about 80 percent change of ground surfaces. In addition, InfraSee can reliably identify the awareness of smartphone users and reduce unnecessary alarms.
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INTRODUCTION
M OBILE phone use while walking is increasingly apparent in our society, and when people walk with their head down and not focusing on the scenery in front of them, the potential for disaster unfolds. According to [1] , more than 1,500 reported accidents in US in 2010 were directly associated with pedestrians using smartphones, and this number is expected to double in 2015.
To increase the safety of pedestrian mobile phone users, various interesting mobile phone apps were recently designed. Some apps, like Type N Walk [2] and WalkingText [3] , feature 'transparent screen' based on mobile phone cameras. One Llama [4] constantly listens to background noise and when it hears something that the user needs to know about, such as a car horn, it automatically gives an alarm. The app [5] utilizes GPS sensors on smart phones to identify whether a pedestrian is in-street (not on the sidewalk) and notifies when such crossing events occur.
Despite of the promising results obtained, the apps mentioned above have certain limitations. In particular, WalkSafe [6] , One Llama [4] , and GPS-based method [5] , are solely designed for detecting approaching vehicles. They are not able to address some more common and equally dangerous accidents such as 'trips', 'falling from stairs or platforms', and 'falling into a open manhole'. These hazards are generally caused by sudden change of ground. For this purpose, apps featuring 'transparent screen' (e.g., Type N Walk [2] and WalkingText [3] ) can help but using smartphone cameras drains the battery quickly and their performance can also be negatively affected by low-light environment. In addition, even if the dangers are displayed as application background, users who are busy on texting may still not be aware of them.
Recently, researchers start to consider augmenting smartphones with some specialized devices to enhance the mobile phones' capability. For example, a system called Surrond-See [7] enables peripheral sight on smartphones by attaching an omni-directional mirror to the mobile device's front camera. In CrashAlert [8] , smart devices are attached with Microsoft Kinect depth-sensing cameras to detect obstacles on the user's path.
These successful applications do shed some lights on us. We raise the following question: Is it possible to augment a mobile phone with a device such that risks likes 'trips' and 'fall from a height' can be effectively decreased?
We answer this question by introducing InfraSee, a system that is able to detect sudden change of ground for pedestrian mobile phone users. We augment the smartphone with a small infrared sensor. The infrared sensor keeps sending signals to measure the distance between the mobile phone and the ground. If there is an abrupt change in the distance measurement which we believe is indicating a hazard ahead, an alarm is generated to the mobile phone user.
Although the idea of InfraSee is simple, the practical implementation entails substantial challenges. We expect InfraSee to provide alerts to a mobile phone user in a reliable, energy-efficient, and unobtrusive manner. Reliably detecting change of surface is not an easy task considering the noise introduced by human walking. In terms of energyefficiency, although infrared sensor consumes less energy than smartphone cameras, keeping sending infrared signals can still quickly drain a cell phone's battery. The unobtrusive alerting is associated with user experience. Issuing an alarm can be unnecessary or even annoying if the user has noticed the potential hazard ahead. To issue alerts only when necessary, we need to correctly identify user's awareness, which is a challenging task.
In this paper, we develop practical solutions to cope with above challenges. To lower down the energy consumption of the system, we identify some situations during which the infrared sensor can be turned off. To provide reliable and timely results, we leverage smartphone accelerometer information to help to remove walking-induced noise. To detect users' awareness, we identified, through data mining techniques, a number of typical patterns that a mobile phone user will behave once he/she notices a danger ahead. In the presence of these patterns, InfraSee will not issue any alert. All the extra information required above is solely obtained from smartphone embedded sensors.
We consolidate the above techniques and implement a prototype system with the Android platform using two types of mobile phones (Samsung Galaxy S2 i9100 and Samsung ACE2). We carried out extensive experiments in different scenarios and by different people. The results show that in general conditions, InfraSee can accurately detect 80 percent of hazards. In terms of energy consumption, InfraSee costs only about 20%$30% energy compared to existing works which rely on smart phone cameras. Status estimation. Status estimation stage is served to answer the question: is the person using the mobile phone while walking? The answer is obtained from the screen status (on/ off), holding orientation and smart phone accelerometers. Only when the answer is positive, we proceed to the next stage.
SYSTEM DESIGN
System overview
Hazard detection. The aim of this stage is to know whether there is a possible hazard ahead. The range data collected from infrared sensor are first calibrated to remove the effect of holding orientation. Then we perform forward-backward zerophase filtering to remove walking-induced noise. Furthermore, we perform the statistical testing on the pre-processed infrared data to identify the possible danger ahead and the time it is detected. Finally, to remove false positives generated by the hand movement of the user when he/she is playing with a mobile phone, we leverage the information of occurrence time of each touchstroke obtained from mobile phone system. Once a hazard is found, we come to the next stage.
User awareness detection. The purpose of detecting user's awareness is to issue alerts only when users are not aware of the hazards ahead. Via data mining techniques, we identified some typical behaviors of mobile phone users when they notice a hazard ahead. Typical behaviors include putting down the cell phone, reducing walking speed, and changing directions. Through a decision tree model trained from historical data, the decision about the user's awareness is obtained. When InfraSee detects an un-noticed hazard ahead, it shows a transparent overlay floating window in the mobile phone and at the same time generates a beep to the user.
Hardware Considerations
The hardware of InfraSee is shown in Fig. 2 . In particular, InfraSee adopts the off-the-shelf infrared sensor SHARP 2Y0A710 [9] as the ranging sensor, which has the detection distance 1 $ 5.5 m with ranging error 0.01 $ 0.03 m. In addition, we designed a hardware interface unit (HIU) that connects the infrared sensor to the mobile phone as shown in Fig. 2 . Via the HIU, the mobile phone is able to turn on/off the infrared sensor, adjust its sampling frequency, and read the range data for analysis.
In the reminder of this section, we describe some considerations of choosing the current infrared sensor. Generally speaking, the parameters that we should consider when choosing the ranging sensor include the ranging distance, the sampling frequency, power consumption, and cost. Here, we only discuss the first two parameters.
We use Fig. 3a to illustrate the idea when we consider the ranging distance. We found through experiments that when a person is using a mobile phone while walking, he/she normally holds the phone with height of 1.1 $ 1.4 m above the ground, and with the orientation angle u ranging from 5 degree (nearly parallel to the ground surface) to 70 degree (fairly vertical to the ground surface). In this condition, the measured distance d is approximately within the range of 1.4 to 4.1 m. These two values should fall within the effective ranging distance of the chosen sensor.
Choosing the appropriate sampling frequency should consider the type and level of hazard, the walking speed and the holding orientation. For simplicity, we only illustrate one particular condition in Fig. 3b . Assume there is a doorsill with height Dh and width w. When the person is approaching to the doorsill with a constant speed v, the corresponding range data will experience a few stages: (1) being stable before t 0 , (2) gradually decreasing during t 0 to t 1 , (3) remaining stable again during t 1 to t 2 , and (4) then experiencing a sudden increase at t 2 . The effective time period Dt E , defined as the length of the range data when the doorsill has effect, is
To reliably detect this doorsill, enough samples during Dt E should be collected. For a typical condition when u ¼ 45 o , v ¼ 1 m=s, Dh ¼ 0:1 m and w ¼ 0:1 m, Dt E is 0.2 s. In this case, if at least 10 data points are required to make a reliable conclusion about the change, the sampling frequency needs to be at least 50 Hz. Table 1 compares two types of candidate sensors: the current infrared sensor SHARP GP2Y0A710, and the ultrasonic sensor US-020 which is adopted in the first version of our system [10] . As can be seen from Table 1 , the ultrasonic sensor excels over the infrared one in almost all aspects except the sampling frequency.
We should note that the sampling frequency of ultrasonic sensor is intrinsically bounded by the speed of sound travelling in the air. This is because after an ultrasonic sensor sends out a pulse, it must wait for the reflected pulse to return. For a 5-meter distance, the theoretical maximum sampling rate of the ultrasonic sensor would be about 34 Hz (in real conditions, the maximum frequency of US-020 is about 20 Hz). This frequency, however, is not high enough to detect some small and transient change of surface like the doorsill shown in Fig. 3b . On the other hand, an infrared signal travels with the speed of light, and therefore can achieve much higher sampling frequency. In our InfraSee, the sampling frequency of the SHARP GP2Y0A710 is set to be 100 Hz.
Status Estimation
The objective of status estimation is to decide whether the user is using the mobile phone while walking. Status estimation hence can be divided into two sub-tasks: (1) to determine whether the user is walking, and (2) to decide whether the user is using the mobile phone. Note that 'using a mobile phone' does not only refer to hands-busy mobile phone interactions like playing games, the eyes-busy interactions like watching videos, reading e-books should also be included.
To identify whether a person is walking is relatively easy. There are many walking detection apps and libraries available and we choose the library [11] for this purpose. The library solely relies on the smart phone accelerometers and is energy efficient.
On the other hand, to accurately determine whether the user is using the mobile phone requires a careful design. Here, we leverage three types of information: the mobile phone's screen on/off information, the touchstroke information, and the orientation. These three types of information are also arranged in a conditional cascading architecture shown in Fig. 4 . The first two steps in Fig. 4 show that if we found the screen of a mobile phone is turned off, we can safely assume that the phone is not being utilized. If we found the screen is on with touchstrokes being detected, then the person is using the mobile phone.
However, when the screen is on while no touchstrokes are detected, we cannot simply say that the users is not using the mobile phone, since he/she may be doing eyesbusy but hands-free interactions like watching videos. Neither can we have an opposite conclusion, since while walking, a user may put down the cell phone occasionally without turning off the screen. To address this problem, we need to further leverage the orientation of mobile phone to make the conclusion. Fig. 5a shows the orientation of a mobile phone in terms of three angles of rotation: roll, pitch and yaw. In particular, we found that when a pedestrian is using a mobile phone, the first two parameters, roll an pitch, show some stable and distinct patterns. To demonstrate this, we carried out 15 experiments. In each experiment, one person was asked to walk while using some apps in the mobile phone from time to time. The apps for different persons are different and cover 'Twitter', 'Ebook Reader', 'Fruit Ninja', and 'Youtube', etc. An observer recorded the start and stop time for each time the mobile phone was used. Fig. 5b shows the pitches and rolls for these 15 persons when they were using the mobile phone (shown as 'o') and not using the mobile phone (shown as '+'). We can see that the pitches and rolls show distinctive pattern when the phone was being utilized: They are more concentrated to three small regions denoted as 'A', 'B1' and 'B2'. The further analysis reveals that the region 'A' corresponds to the condition when the users were using the apps like 'Twitter' and 'Facebook' that are designed to be viewed in portrait mode (see Fig. 5b ). In this condition, the rolls are generally located around zero. The pitches are located between À50 o $ À20 o , which correspond to the mobile phone tilting upward to 20 o $ 50 o . 'B1' and 'B2', on the other hand, correspond to the conditions when the person was playing games or watching videos which are designed to be viewed in a landscape mode. 'B1' and 'B2' are two conditions where the head of the mobile phone was facing towards left and right, respectively.
Furthermore, we found that most people, when not using mobile phones, choose to put down the phones while they are walking. Points in the cluster 'C1' and 'C2' correspond to the condition when people hold the mobile phone at the right and the left hand, respectively.
Based on the data shown in Fig. 5b , we leverage the support vector machine to establish a binary classifier which categorizes an input pair (pitch, roll) into using and not using mobile phone. Considering the data points in Fig. 5b are not linearly separable, the RBF kernel [12] is adopted. This part is shown in the third step in Fig. 4 .
Hazard Detection
In this section, we describe how the sudden change of ground can be identified. In real conditions, many factors can have the similar effect as the change of ground surface, leading to many false alarms. These factors include (1) the hardware noise, (2) the change of holding orientation, and (3) the walking-induced noise. These effects should be removed.
Removing outliers. We found that raw measurements from the infrared sensor contain some noticeable noise and outliers which we believe are caused by the unstable battery supply of the mobile phone. To remove the noise as well as the outliers, we adopt the median filter [13] . As compared to a common low-pass filter, the median filter is superior in rejecting large 'shot' or 'impulse' outliers without distorting edges in the signal. Preserving the edges in the signal is important in our application as they contain change of surface information.
Eliminating the effect of holding orientation. The change of holding orientation can also introduce the change in the measured ranging data. Let d represents the ranging data.
The effect of u can be easily removed from d by calculating h, the vertical distance between the mobile phone and the ground surface: We can easily see that h ¼ d Ã cos ðuÞ.
Also should be noted that u should be determined in a real-time manner. We adopt the built-in function getRotationMatrix() provided by the Android system which estimates u from smartphone accelerometers, gyroscopes and magnetic sensor via the Kalman filtering technique.
Removing walking-induced noise. Besides the hardware noise and the change of holding orientation, one's walking movement can introduce significant non-random noise to the ranging measurements. As an example, the blue solid curve in Fig. 6a shows the range data measured when a mobile phone user is walking while reading towards a staircase. A strong rhythmic pattern can be clearly observed. As comparison, Fig. 6b shows the acceleration data (along vertical axis) measured from the mobile phone during the same period. The strong correlation between these two curves indicates the rhythmic pattern shown in Fig. 6a is caused by the person's walking movement.
Note that the walking-induced noise cannot be removed by the median filter, which can only remove short and impulse-like outliers. This is demonstrated in Fig. 6a , in which the black dashed curve shows the results after the median filter.
To remove the walking-induced noise, a straightforward approach is to apply a band-stop filter with an appropriate stop band that can cover the frequency range of walkinginduced noise. However, we found that these band-stop filters, even with carefully tuned cutoff frequencies, can still introduce significant phase shift and a large transient duration.
Another approach we explored to remove the walkinginduced noise is via the adaptive filter. The adaptive filter adopts the infrared data as the primary input and the acceleration data as the noise source. With the the adaptive algorithm that adjusts the filter's parameters dynamically, the effect of the acceleration data (i.e., noise) would be removed from the residual. Experimental results show that using the adaptive filter can effectively remove the walking-induced noise [10] . The only drawback is the high computation cost. The real experiments show that using adaptive filter normally takes 0.2 $ 0.4 s for completing processing of one data segment, about 20 $ 50 times longer than the band-stop filtering approach. To address the limitations of band-stop filtering and adaptive filtering, we design a new approach, in which the signal is first divided into frames, and then we apply the forward-backward zero phase filtering [14] on each frame. Compared to the band-stop filter, using the forward-backward zero phase filtering will not introduce any delay or distortion. However, to remove the end effect of zero-phase filtering, it is preferable that a frame contains one or more complete periods of the walking-induced noise.
To determine the start and end point of a footstep, instead of using the measured range data from the infrared sensor, we utilize smart phone accelerometers. In particular, we utilize the locations of the zero-crossing points of acceleration data to determine the start and end of a frame. The zero-crossing points are defined as the points that cross the reference value of the acceleration data (9:8 m=s 2 ) with upward direction.
In our application, the forward-backward zero-phase filter removes all the frequency components below 5 Hz. This cutoff frequency is chosen by considering the fact that a step for a person normally takes 0.3 to 2 seconds, making the frequency of walking-induced noise to be 0.5 to 3.3 Hz. Note that the average of the data frame is first removed before we apply the filter and then added back to the filtered signal. As an example, Fig. 7a shows the acceleration data collected from mobile phones and the identified zerocrossing points. Fig. 7b shows the distance data and the results after applying the zero-phase filtering. We can see the proposed approach can reliably remove walkinginduced noise without distorting the edge.
Identifying hazard ahead. After removing the walkinginduced noise, we utilize hypothesis testing to determine whether there is a hazard ahead. In our application, the null hypothesis H 0 is that there is no abrupt change of ground surface and hence the range data x should remain stable. Therefore, we have
where xðkÞ is the value of x at time k, wðkÞ is the white gaussian noise with zero mean value and unknown variance d 0 , and N is the length of sequence x. The Alternative hypothesis H 1 is that there is an abrupt change and we have
where the k c represents the time when the abrupt change occurs, m 1 represents the new mean value after the abrupt change. In this test, m 0 , d 0 , k c and m 1 are unknown parameters.
We apply the generalised likelihood ratio test (GLRT) [15] to decide between two possible hypotheses. Let
> g, where pðx; H 1 ;û u 1 Þ is the probability density function of x under hypothesis H 1 andû u 1 , andû u 1 is the maximum-likelihood estimation (MLE) of the u u 1 assuming H 1 is true. (û ¼ arg max u pðx; u u 1 ; H 1 Þ). pðx; H 0 ;û u 0 Þ is defined in the similar manner and g is the threshold.
When calculating L G ðxÞ, we utilize the log-likelihood ratio, and assume that data in x are independent. Then the GLRT decides H 1 if
We utilize the following method to calculate the L G ðxÞ. First, we note that any k c will divide x into two segments: x A ¼ ½xð1Þ $ xðk c Þ, and x B ¼ ½xðk c þ 1Þ $ xðNÞ. We utilize x A to estimate m 0 ; d 0 , and then x B to identify m 1 . This can generate the L G ðxÞ for the given k c . Denote this value to be L G ðx; k c Þ, we go through all the possible values of k c 2 ½1 $ N, and obtain a sequence:
The maximum value in ½L G ðx; k c Þ is taken as the estimate of L G ðxÞ. The proposed method above has one problem that should be carefully handled. When we utilize x A to estimate m 0 and d 0 , x A must contain enough number of data to obtain accurate values of m 0 and d 0 . Similarly, x B should also have enough data to obtain accurate m 1 . However, we can easily find out that a L G ðx; k c Þ with k c close to 1 is estimated based on short x A . Similarly, a L G ðx; k c Þ with k c close to N is also estimated based on short x B . Therefore, elements near the two ends of the sequence ½L G ðx; k c Þ are not accurate. This can cause a problem in the finally obtained L G ðxÞ if a change of distance happens to located at the beginning or near to the end of x.
The claim above is demonstrated using the following example. Fig. 8a illustrates a section of range data with 200 points selected from Fig. 7b . The change of mean at 100 point is quite clear. We keep the length of x to be 100, and gradually increase the start point of x. For each start point, a ½L G ðx; k c Þ sequence is obtained. During the process, the location of the change will gradually move from the end to the beginning of the corresponding x. Fig. 8b shows all the ½L G ðx; k c Þ sequences obtained in the process above. Each row of Fig. 8b shows a ½L G ðx; k c Þ sequence for a start point. For clarity, all the ½L G ðx; k c Þ are aligned to the original range data.
Two observations are noteworthy. First, located at 100-point, there is a clear vertical stripe ranging from top to bottom. This indicates that when x contains a change, its ½L G ðx; k c Þ always reaches the maximum value at the change point, regardless of its relative location in x.
However, from top to bottom, the vertical strip shows different color, indicating that the maximum values of ½L G ðx; k c Þ are different for different start points. To show more clearly, the maximum values of ½L G ðx; k c Þ (i.e., L G ðxÞ) for different start points are shown in Fig. 8c . We can see when the change of mean is located at the end or at the beginning of x, the corresponding L G ðxÞ is much smaller compared those estimated when the change is located in the middle of x.
To handle this problem, we adopt a sliding window with 50 percent overlap. For every data point in the original x, we then can obtain two L G ðx; k c Þ. Then we choose the maximum one from the two value as the one corresponding to this location. If the change of mean occurs at the start/end within one window, then this change will locate in the middle of the next window, and a good result can still be obtained. Fig. 8d shows the ½L G ðx; k c Þ sequence obtained using the sliding window method with window size 100. We can see that the location of the maximum value in ½L G ðx; k c Þ is about 150, and the value is close to the maximum value shown in Fig. 8c .
In Eq. (4), g is a critical parameter in detecting hazard. We found that using g ¼ 100 can achieve a relatively good detection rate and low false alarm rate. The justification will be described in Section 3.
In real condition, we maintain a buffer, denoted as D-Buf, in which all the data collected within the latest 3 seconds from the mobile phones are stored. In addition, all the data processing algorithms mentioned in this section are carried out every 0.5 s.
Removing false positives via cross-checking. We have noticed, via a series of experiments, that using the approach mentioned so far can detect a change of ground surface with high accuracy but also incurs relatively high false positive rate. For example, our tests show that when a volunteer is walking while playing with the mobile phone on a road without any surface change, he normally receives one false alarm every 5 $ 30 meters. These false positives can reduce the utility of the system. After analysis, we found that a large number of false alarms occur when the volunteers were in hands-busy interaction with the mobile phone (e.g., scrolling down a website, swiping or touching the screen when playing a game). These interactions are generally associated with movement of mobile phones, thus generating change of measured distance and the corresponding false alarms.
There is an effective approach to handle this problem and the idea is very simple: If a detected hazard occurs at the same time with a touchstroke, then this hazard will be taken as a pseudo one and no alarm will be issued. This is based on the observation that in practical conditions, it is rare, if not impossible that a trouchstroke occurs exactly at the same time when InfraSee detects a hazard. Therefore, by cross-checking the time of touchstrokes with that of detecting a hazard, we can potentially remove many false positives.
In the InfraSee, when a potential hazard is detected, the time when the hazard occurs is also recorded. In addition, we obtain the time of occurrence of every touchstroke from the mobile phone's system file called interrupts. This file is maintained in a real-time manner by the Linux kernel and provides the occurrence number of all the interrupts, including the touch screen event that we are interested. By continuously checking the occurrence number of the touch screen event, we can find out the time of occurrence of every touchstroke. The threshold to decide whether the hazard and the touchstroke occur at the same time is obtained from training data and is set to be 0.2 s. We will show that this method can significantly reduce the false positives of the system. A potential price to pay is that in some conditions, we obtain a slightly smaller number of true positives, especially when the person is touching the mobile phone with very high frequency.
User Awareness Detection
For detecting users' awareness, we first list, in Table 2 , a number of factors that we believe may help for this purpose. The first four factors are associated with the change of a certain state after a user has noticed a hazard. For example, we found that when a person is aware of a hazard ahead, he may change the holding orientation (e.g., putting down the smartphones), slow down the walking speed, adjust the walking direction, and stop touching the mobile phone. The last three factors in Table 2 are associated with a certain state of a mobile phone user that may help to detect one's awareness. For example, if a person is playing with a highly attractive game for a long time, he may have higher probability to miss the hazard.
To establish the model that can predict a person's awareness, we then conducted a number of experiments in the PolyU campus. During the tests, we asked 10 volunteers to walk on the selected path while playing on different apps installed. We let the volunteers label their awareness for each hazard they have passed. Estimation using data collected from smartphones. In these tests, the attribute values in Table 2 are either directly obtained from smartphone's operating systems, or are estimated using data from smartphone embedded sensors. Some examples are shown below.
Holding orientation. The holding orientation is obtained from the Android built-in function getRotationMatrix(). Furthermore, to remove noise, each orientation value is the average of the latest 50 data points.
Walking direction. The algorithm proposed in [16] can provide estimation of walking direction under a global coordinate but is compute intensive. In our application, since the head of the mobile phone is either parallel or perpendicular to the walking direction, and we only care about change of walking direction instead of walking direction itself, we simply utilize the calibrated magnetic sensor to infer the walking direction. As before, each direction value is the average of the latest 50 data points.
Touchstroke frequency. The touchstroke information can be obtained by the interrupt information from the Android phones. In particular, each touchstroke will generate an certain interrupt to the Android system, and the interrupt information will be maintained in a file (located in /proc/ interrupts). By reading the file, we can directly obtain the time of each touchstroke. The touchstroke frequency is calculated as the number of touchstrokes occurred within 0.5 second.
Distraction level of the app. We conducted a survey and asked 30 persons to rate the level of attraction for different types of apps. From the results, the game apps, instant message apps, and movie players are rated as high level of attraction. On the other hand, ebook apps and social networking apps are considered as low level of attraction.
Walking speed estimation. Compared to the holding orientation and walking direction, to calculate the walking speed entails a careful design. Fig. 9 shows the acceleration data in the 3-second buffer collected when a mobile phone user was approaching to a descending stair. In this test, the hazard was detected by the infrared sensor at about 2.1 s, and the person noticed the hazard at about 2.7 s and then decreased the speed. Under this simple scenario, we tried different methods to estimate the walking speed.
The straightforward way is to first calculate the holding orientation, then find out the horizontal acceleration as in [17] , and finally integrate the acceleration to obtain the walking speed. However, small error in orientation estimation can cause large drift in estimated speed. Fig. 10a shows the estimated walking speed using the method above. The drift of speed is caused by the error of estimated orientation and the noise in the acceleration data.
The second approach takes the step count as the indicator of working speed. However, this approach assumes a constant stride length, which is unfortunately not true in our application. We found that when a person notices a hazard ahead, rather than decreasing the number of step, he generally decreases the stride length instead.
Another approach we tested is the one proposed in [18] . In this method, the acceleration signals are first partitioned with a sliding-window. For each window, the energy of the acceleration magnitude is taken as a indicator for walking speed. The justification for this approach is that the energy represents walking intensity, which shows a good correlation with walking speed in their application. The advantage this approach is that no drift will be introduced since acceleration data are directly utilized.
However, we found that energy of the acceleration magnitude contain significant fluctuations, making it a less sensitive indicator for the walking speed. The fluctuations are mainly caused by the walking-induced noise. Fig. 10b shows the energy of the acceleration magnitude using the method above. We can see that although a decrease of energy can still be observed at the end the signal, the fluctuation contained in the results can negatively affect the performance of this approach.
We revised the method proposed in [18] and replaced the magnitude of acceleration by the horizontal acceleration. In particular, the acceleration signals are first partitioned with a sliding-window of 100 samples, with 80 percent overlap between subsequent windows. For each window, we calculate the horizontal acceleration as in [19] . Specifically, we first estimate the unit gravity vector by taking the mean of the acceleration vectors over the entire window, and normalizing the result:ĝ
where a j represents one sample acceleration vector within the window, jj Á jj is the Euclidean norm, and N is the window size (100 in our application). The horizontal component of a j , denoted as a h j , is then computed by a h j ¼ a j À ða j Á gÞg, where a j Á g is the dot product of a j and g, and ða j Á gÞg can be regarded as the vertical acceleration vector. We then compute the energy of the horizontal acceleration over the window: Fig. 10c shows how E h changes with time using data shown in Fig. 9 . The decrease at the end is clearly observed.
Decision tree-based classification model. We utilized a decision tree algorithm called C4.5 to establish the decision tree model to infer users' awareness. In addition, the tree was further pruned by the subtree raising method [20] . To obtain the model, we collect a total of 179 data sets for 'un-noticed' cases and 121 sets for 'noticed' cases. We adopt the detection rate defined as follows as the objective function of the decision tree model: a ua ¼ N sus =N haz , where N sus is the number of correctly identified users' awareness, and N haz is the number of hazards.
The generated decision tree model is illustrated in Fig. 11 . We can see that the finally obtained model only selects five attributes. Among these attributes, the change of holding orientation is the most informative one that helps to infer users' awareness.
We can see that a ua is affected by the performance of the hazard detection. As shown in Fig. 1 , user awareness detection only initiates after InfraSee detects a hazard. Therefore, failing to detect a true hazard or wrongly indicating a nonexisting hazard will negatively affect the a ua . To evaluate the performance of user awareness detection in a more objective manner, N haz is re-defined as the number of hazards that have been successfully detected, and N sus is the number of cases that the user awareness for these hazards have been correctly identified.
EXPERIMENTS AND EVALUATION
In this section, we provide the detailed performance evaluation on InfraSee.
Indoor Test on Hazard Detection
A total of 1,100 tests were carried out in a controlled indoorenvironment to evaluate the performance of InfraSee in detecting hazard. We mainly consider the effect of four factors: (1) type of hazard, (2) level of hazard, (3) walking speed, and (4) holding orientation. In addition, the effect of apps running in the mobile phone and the effect of g (the threshold in the GLRT method) are also briefly discussed. The volunteer in these tests is a 25-year-old male student, with a height of 174 cm (5 ft 8 in).
Three different types of hazards were built using paper boxes shown in Fig. 12 : upward staircase (Type #1), downward staircase (Type #2), and doorsill (Type #3). These three types of hazards can represent most of the hazards related to the change of ground surface in real conditions.
Taking the upward staircase shown in Fig. 12a as an example. For this type of hazard, we carried out three groups of tests, Tests #1; #2; #3, shown in Table 3 . In Test #1, we changed the height of the staircase from 5 to 25 cm by adding one layer of paper box each time. For each height, we asked the volunteer to hold the phone with u ¼ 45 o , and to approach to the hazard from 5 meters away with speed about 1 m/s. For each hazard with different height, the test repeated 20 times and we counted cases of correctly detecting the hazard (i.e., true positives (TPs)) and cases of wrongly indicating a hazard (i.e., false positives (FPs)). In this paper, we utilize the detection rate (the ratio of the number of TPs to the number of hazards encountered) and the number of FPs per 10 meters to evaluate the performance of InfraSee. In Test #2 and Test #3, we tested the performance of the system at different walking speed, and at different holding orientations, respectively. Fig. 13a shows the detection rate and number of FPs per 10 meters in Test #1. We can see that, when the height is 5 cm, only 4 out of 20 hazards are correctly detected. With the increase of hazard height, the detection increases significantly and remains to be high (! 95%) when the height exceeds 15 cm. On the contrary, the number of FPs is not significantly affected by the heights. Fig. 13b shows the results under different walking speed. We can see that with the increase of walking speed, the number of FPs increases, while the detection rate slightly decreases. The reason may be that high walking speed can introduce larger walking-induced noise, thus causing more FPs. In addition, the high walking speed obtains fewer distance readings, thus decreasing the detection rate. shows the effect of holding orientation u. Generally speaking, u does not affect the detection rate, but slightly more FPs are generated with a large u.
For Type #2 hazard, we also designed three groups of tests, namely Test #4 $ #6, following the same experimental configuration as shown in Table 3 . The corresponding results are shown in Fig. 14. Overall speaking, the results from these tests are similar to the Type #1 hazard. However, for small height shown in Fig. 14a , detecting Type #2 hazard seems to be relatively easier than the Type #1. This may be attributed to the fact that compared to the Type #1 hazard, Type #2 hazard can generate a sharper change in the range data, which helps for the GLRT method to detect the change.
For the hazard Type #3, we design four tests (i.e., Tests #7 $ #10), shown in Table 4 . Besides height, speed, and holding orientation, we also evaluate the effect of the width of the doorsill. The results are shown in Fig. 15 . From  Figs. 15a and 15b , we can see that a doorsill-like hazard with height larger than 10 cm and width larger than 10 cm can be reliably detected. In Fig. 15c , it is interesting to see that high walking speed can miss many hazards. This phenomenon is not shown for the first two types of hazard. This actually coincides with the discussion related to Fig. 3b: high walking speed will shorten the length of the signal affected by the hazard, thus decreasing the detection rate of the system. In Fig. 15d , we can see that similar like in Figs. 13d and 14d , a larger u will generally lead to more false alarms. Also we found that a large u can increase the difficulty of detecting the doorsill-like hazard.
To summarize, we have the following observations. First, in general conditions, InfraSee can reliably detect different kinds of hazard with height larger than 15 cm and width larger than 10 cm. Second, high walking speed (larger than 1 m/s) or large holding orientation (larger than 45 dgeree) can generate more number of false alarms. In addition, for some types of hazards (Type #3), high walking speed (larger than 1 m/s) or large holding orientation (larger than 60 degree) will also decrease the detection rate. At last, InfraSee is able to give a warning at least 0.5 second before the mobile phone user steps on the hazard. Lower walking speed and larger holding orientation generally lead to longer warning period.
The effect of apps. We briefly show the effect of the apps on the performance of InfraSee. The apps in our tests include the games (Fruit Ninja and Temple Run), WeChat-MSG, Ebook reader and Youtube. For each app running in the mobile phone, we let the volunteers repeat 20 times, with fixed Type #1 hazard, and moving to the hazard from 5 meters away at speed about 1 m=s. The results are shown in Fig. 16a . We can see that when the volunteer was playing with the first two apps, the system has lower performance than others. The reason mainly lies in the fact that when a person is playing with these hands-busy apps, the touchstrokes and the movement of holding hand can cause the change in the measured range data, generating false alarms. In addition, when a person is busy playing an app with frequent touchstrokes, some real hazards can be eliminated by the cross-checking procedure in which hazards occur at the same time with the touchstrokes are removed. Nevertheless, the testing results in Fig. 16a shows that our system can perform generally well for different apps.
The effect of cross-checking. At the end of Section 2.4, we have mentioned that by cross-checking the time of hazard with the time of touchstrokes, many FPs can be removed. To demonstrate the performance of this method, Fig. 16b shows the results when this method is not adopted. Compared with Fig. 16a , significantly more FPs are generated, especially when the volunteers are playing with some hand-busy apps. In addition, we can also see that crosschecking with touchstroke information also removes a few true positives. However, considering the large decrease of FPs, using touchstroke information overall significantly improves the utility of the system.
The effect of g. We investigate how g should be set appropriately. Obviously, if g is set too small, InfraSee might be able to detect even a very small hazard but can introduce a large number of FPs. On the other hand, a large g can effectively decrease the number of FPs but generates many false negatives (FNs). A good g should generally provide a good tradeoff between FPs and FNs. From this aspect, choosing g such that the total number of FNs and FPs is minimized may be a good criterion. With this criterion, we utilize the data collected in the Test #1 to show how to choose g. Figs. 17a, 17b and 17c show the number of FPs and FNs for g under different levels of hazard (i.e., the height of the hazard Dh is 5, 10 and 25 cm, respectively). Fig. 17d shows the total number of FPs and FNs for these three scenarios. From Fig. 17d , we can see that when the hazard is small, setting g to be a small value is generally better (e.g., g ¼ 70 is a good choice for Dh ¼ 5 cm). However, with the increase of hazard level, the optimal g also increases. For height Dh ¼ 10 cm and Dh ¼ 25 cm the optimal g that can minimize the total number of FPs and FNs is 100. The rational behind is that with the increase of hazard level, the benefit of choosing a large g (fewer FPs) will gradually outweigh its cost (more FNs). However, the level of hazard is hardly known apriori, and we simply let g ¼ 100 since it can achieve relatively good result in general conditions.
The effect of hardware. In Section 2.2, we mentioned that our previous system [10] adopts the ultrasonic sensor US-020. Here, we compare the performance of InfraSee to our previous system. Fig. 18 compared the results for detecting hazards with different height (Test #7), with different width (Test #8), and at different walking speed (Test #9). We can see that compared to InfraSee, our previous system has much lower detection rate. The reason is that the low sampling frequency of the ultrasonic sensor cannot generate enough samples to capture the abrupt change of surface, especially when the hazard has small height ( <15 cm), small width ( < 25 cm), or when the user is walking fast (speed > 1 m=s).
Breakdown of time cost. We evaluate the processing time of InfraSee at different stages using Samsung Galaxy S2 i9100. Specifically, we utilize the Andriod function gettimeofday(), which provides microsecond resolution measurement of the execution time of different processing functions. Fig. 19 shows the average processing time of some major processing stages, based on a 10-minute test. We can see that among all the stages, the most time-consuming one is 'identifying hazard ahead', during which the GLRT algorithm is implemented. The time cost for this stage is about 0.287 s, about 62 percent of the total computation time. Other pre-processing parts like the 'removing outliers' can be finished within 60 ms. The overall computation time is less than 0.5 s, enabling the hazard detection and user-awareness detection to be carried out in a near real-time manner.
Performance in an Outdoor Environment
To test the performance of InfraSee in a more general condition, we conducted tests in the PolyU campus shown in Fig. 20 . An example of the testing route is also shown in Fig. 20 . From A to B, the route contains a total of 15 changes of ground surface (hazards), which can be largely divided into three categories: (1) downward/upward stairs, (2) single downward/upward stair, and (2) doorsill-like humps. Some examples of the hazards are also illustrated in Fig. 21 .
We hired a total of 14 volunteers. Each test also contained a leader to lead the route, and an observer to record the video of the volunteer. The volunteers were unaware of the route in advance and they just followed the command from the leader during experiment. For each volunteer, five tests were carried out and the leader selected a different route in each test. In addition, each volunteer selected one of the apps shown in Fig. 16 and he/she freely decided the walking speed and the holding orientation during the tests. Table 5 shows the sex, age, and height of these 14 volunteers. Among these 14 volunteers, we have nine male and one female students with ages ranging from 25$27. In addition, we have one female volunteer with age 38, one child, and two old people. The diversity of the volunteers can help to comprehensively evaluate the performance of our system on different mobile phone users. In addition, we found that the test for the child volunteer (#12) has the lowest detection rate and a relatively high false positive rate. From the recorded video as well as the data collected by the child's mobile phone, we believe the low detection rate is mainly due the fact that on average, the child has the highest walking speed. As was demonstrated in some in-door tests (see Figs. 13b and 15c) , InfraSee can potentially miss more hazards if the user is walking fast. The relatively high false positive rate for the child volunteer is not only due to her high walking speed, but also because of her unusual way of holding the mobile phone. This volunteer used two hands to hold the mobile phone when she was browsing the WeChat-MSG, and the holding orientation was larger than 80 degree in most time during the experiment. As we have demonstrated in Fig. 15d , large holding orientation can generate more FPs.
We also note that the volunteer #14 generated more false positives than others. The recorded data revealed the reason. This volunteer has a relatively poor eightsight. When he was reading the electronic book, he moved the mobile phone near to his eyes from time to time. This activity generated many FPs. Other factors like the volunteers' height, the sex, and the holding pattern (landscape mode or portrait mode), did not show salient effect on the performance of the system.
To evaluate the effect of walking speed on the detection rate, we calculate the average walking speed within 3 second before a TP occurs. Fig. 23a shows the distribution of the total of 824 TPs over different walking speed. From the figure, we can see that most of the hazards are detected when the walking speed is around 0.5 to 1 m/s. However, this does not necessarily indicates that a hazard is more easily to be detected at this speed level. To indicate the difficulty of detecting a hazard with respect to walking speed, we calculate the ratio of the number of TPs to FNs. A large value at a certain speed indicates that at this speed, hazards are much more likely to be successfully detected than being missed. This ratio hence would indicate the difficulty to detect a hazard for a given walking speed.
Figs. 23b and 23c show the distribution of the total 178 FNs over different walking speed, and the ratio of the number of FPs to FNs, respectively. From Fig. 23c , we can observe that compared to the high walking speed, hazards are more easily to be detected with low walking speed. This may be attributed to the fact that with low walking speed, more data about the hazard information can be collected, which helps in detecting hazards.
We then investigate the effect of the walking speed on the FPs. As was to the TPs, we calculate the average walking speed within 3 seconds before a FP occurs. Fig. 24a shows the distribution of the FPs with the walking speed. We can see FPs occur mostly when the walking speed ranges from 0.5 to 1.2 m/s, while we have fewer FPs when the speed is high (>1.2 m/s) or low (<0.5 m/s). However, this does not necessarily means that walking speed from 0.5 to 1.2 m/s will lead to more FPs. We must take the distribution of walking speed into consideration. Fig. 24b shows the distribution of walking speed. Obviously, most volunteers prefer to walking in a speed around 0.7 to 1 m/s, that is why FPs occur more frequently at this range. To evaluate the effect of walking speed on the FPs, for each walking speed, we divide the number of corresponding FPs by the distribution of the speed. Fig. 24c shows the corresponding result. The positive relationship between the FPs and the walking speed can be clearly observed.
In these tests, we obtained the time the hazards are detected and the time the volunteers are stepping on the hazards, and take the difference as the warning period. Fig. 25 shows the distribution of warning period for the last seven volunteers (i.e., #8 $ #14). These seven volunteers contain people with different age and height. From Fig. 25 , we can see that most of the warning period is larger than the average human response time 0:25 s [21] . In addition, the warning period of the two old people (volunteers #13 and #14) is larger than others. This can be attributed to their relatively low walking speed. However for the child volunteer #12, who on average has the highest walking speed, InfraSee did not give the smallest warning period. This seems to contradict our previous experience that the length of the warning period is inversely proportional to the walking speed. Moreover, the height of the child is the lowest, which theoretically should also shorten the warning period. After analysis on the collected data, we believe that the reason is due to the large holding orientation of the volunteer. Holding a mobile phone more vertically can help InfraSee detect hazard ahead earlier, leading to a larger warning period. In addition, we can also see that for most of the volunteers, the warning period is widely scattered over a broad period of time. This is mainly due to the variance of walking speed at different hazards in these tests.
Then we evaluate the performance of the system on the user awareness detection. During the experiments, we let the volunteers inform the leader whether they have noticed the hazards or not. Fig. 26 shows the detection rate for users awareness. We can see that for most volunteers, InfraSee is able to correctly detect their awareness with about 80 percent accuracy. This again demonstrates the performance of the decision-tree model in real conditions. However, we also noticed that the user awareness detection rate for some volunteers, especially for the child (volunteer #12) and the old person (volunteer #14) is relatively low. We believe the major reason is that the pattern of these two volunteers is more different from others. For example, for the child volunteer, when she noticed a hazard ahead, she did not change the phone's orientation much, but kept walking with the similar holding orientation. For the volunteer #14, he normally walked slowly during the tests. When he noticed a hazard, he did not lower down the speed as much as others did. As the decision tree model is obtained using data from the first ten volunteers, it did not well capture the pattern of these two volunteers. This suggests that to obtain a better result of user awareness detection, it is preferred to obtain a decision tree model for each mobile phone user individually.
Although in Fig. 25 , most of the warning period is smaller than the average human response time, whether InfraSee can really help a mobile phone user depends on practical conditions. To investigate this, we let the seven volunteers above to inform the leader how many times that InfraSee really helps them to avoid stepping on the hazards that they have not noticed. Fig. 27 shows the number of unnoticed hazards and the times that InfraSee really helped (effective alarms). In addition, the app that was running for each volunteer is also illustrated. We can see that InfraSee is able to give alarms timely for most of the cases. The ratio between the number of effective alarms to that of the unnoticed hazards reaches 100 percent for four volunteers. However, we noticed that some volunteers, especially #11 and #12, have a lower ratio than others. The reason for the low ratio of the two volunteers is somehow different. The volunteer #11 was playing with 'Fruit Ninja'. Although the warning period is larger than the average human response time in most of the cases, he was so concentrated on playing with this app that was not able to avoid the hazards twice. For the volunteer #12, the reason for the relatively low ratio is due to her high walking speed.
Lighting conditions. We wish to find out the effect of the lighting condition on the performance of InfraSee. To realize this, we first carried out a preliminary test, by letting a volunteer to walk on the route twice in the campus shown in Fig. 20 , one in a sunny day afternoon at 2:10 pm, and the other at night during 9:30 pm. During the test, the volunteer recorded the illuminance of the environment using the embedded light sensor of his mobile phone. The illuminance of the locations near the 15 hazards in these two tests is shown in Fig. 28 . We can see that the illuminance for hazards #1 $ #7, is significantly different in these two tests. To highlight the effect of lighting conditions on the performance of InfraSee, we only select these seven hazards.
Then we implement comparative tests in which one volunteer (#9) walked on the route covering these seven hazards, one in a sunny day afternoon during 2:10 pm to 2:50 pm, and the other at night during 9:30 pm to 10:30 pm. As before, the volunteer followed the leader and was unaware of the hazards ahead. During the two tests, the volunteer was reading an e-book with the same settings (text font size, text color, and background color). The autobrightness control was turned on in both tests. Fig. 29a shows the detection rate of two tests at the seven hazards. We can see that InfraSee performs better at night than in the day. For example, for hazard #1, the test at noon successfully detected 9 out of 10 times, while detected this hazard in all the 10 times at night. Tests at night have higher detection rate than in the noon for hazards #1; #3; #5; #7, with the only exception on #6. The average detection rate at noon is 86 percent, while increases to 94 percent at night. At first, we suspect that this may be caused by the different holding pattern during day and night. However, the holding orientation data do not show a statistical difference. Then we found that the reason may be attributed to the walking speed. Fig. 29b shows the walking speed in front of the hazards in the representation of error bars. We can see that generally speaking, walking speed at night tests is lower than that at noon. According to our previous observation, low walking speed may increase the detection rate.
RELATED WORK
Recently, many mobile phone apps emerged that are devoted to increase the safety of pedestrian mobile phone users. Among these apps, some utilize the camera module. For example, Type N Walk [2] and WalkingText [3] display a transparent background image captured by the rear camera, which allows users to see the environment ahead through the mobile phone. WalkSafe [6] could detect the approaching vehicles by processing the camera video frames. Besides using camera, One Llama [4] keeps listening to the background noises and issues an alarm when it hears potential dangers. A system proposed in [5] also exploits the GPS sensor to identify whether a pedestrian is in-street rather than on the sidewalk and notifies the user when such an event occurs.
Despite of the promising results achieved, these apps have some limitations. The apps including [4] and [6] are solely dedicated to detect the approaching vehicles. None of them is able to detect some more common and equally dangerous situations such as falling down stairs/platforms. Though the apps [2] and [3] may help tackle this problem, continuously turning on the camera module drains the battery quickly. Besides, the performance of the apps may be negatively affected by the low-light environment. More importantly, even if the dangers ahead are displayed as the background image, the user who is distracted by the mobile phone apps may not be aware of them.
DISCUSSIONS AND FUTURE WORKS
There are some future works to improve the utility of InfraSee, especially in a crowded area. Fig. 30a shows the condition in a crowded subway station where we carried out a preliminary test. The upper figure in Fig. 30b shows the raw data collected from the infrared sensor. We can see that there are many abrupt changes, which are caused by the people presented in front of the mobile phone user. The lower figure in Fig. 30b shows the ½L G ðx; k c Þ, and many false alarms were issued during the 8 seconds period. From Fig. 30 , we can say that InfraSee is not able to detect the change of ground surface reliably in a crowded place. One possible approach to address this problem can be based on the following observation: the change of ranging data due to change of ground surface has different pattern from the ranging data collected in a crowded area. This part will be investigated in the future. However from another aspect, we can say that InfraSee may be utilized to avoid the hazards like walking into a post/walls and bumping into people.
